Abstract
Introduction
to roll, to an adult learning a new sport, or a patient undergoing rehabilitation after a stroke. The 56 process of learning a real-world motor skill is usually long and complex, and difficult to quantify. 57
As a result, real-world motor learning is rarely studied, and most of the motor learning literature 58 focuses on relatively simple tasks, performed in a lab setup or an MRI scanner, such as force-field 59 adaptations (e.g. Diedrichsen These reductionistic tasks enable to isolate specific features of the motor learning and 64 tackle them individually. While this plays an important role in our understanding of sensorimotor 65 control and learning, it addresses a very restricted range of behaviors that do not capture the full 66 complexity of real-world motor control and may overlook fundamental principles of motor control 67 and learning in real-life (Faisal et al., 2010; Ingram and Wolpert, 2011; Wolpert et al., 2011) . It is 68 only in natural behavioral settings that neuroscientific mechanisms are subject to evolutionary 69 selection pressures and it is the operation in these contexts for which the nervous system has been 70 designed (Hecht et al., 2014) . Over the past decade there were few important efforts in this 71 direction. One line of research devised more complex tasks for skill learning (e.g. Abe 
process. 78
Here we are taking a novel data-driven approach to study behavior where it matters most -79 in natural real-life settings. The paradigm in which we study real-world motor learning is the game 80 of pool table billiards. Billiards is a real-world task ideally suited to neurobehavioral study as 81 motion tracking in terms of movement in space, the natural constraints of game playing, and 82 divisibility into trials captures the style of reductionistic lab-based motor learning tasks. Billiards 83 is also a natural task which is complex and involves many different sub-tasks (precision, alignment, 84 ballistic movements, high-level sequential planning) which requires complex skills. To tackle the 85 complexity of the high dimensional task space of this real-world task, we applied naturalistic 86 approaches and developed a neurobehavioral database of real-world motor learning behavior. This 87 includes the full body movement during the entire learning period, as well as the measurements of 88 task performance (balls movement on the table). This enabled us to quantify the trends of changes(blocks 11-12, trials 250-300). Thus, we refer to the last two experimental sets (blocks 9-12, trials 125 201-300) as the 'learning plateau'. 126
127
The full body movements were analyzed over the velocity profiles of all joints, and not the 128 joint angles profiles, as those are less sensitive to potential drifts in the IMUs and have proven to 129 be more robust and reproducible across subjects in natural behavior (Thomik, 2016 ). In the current 130 data we can also see this robustness across trials (Figure 2A ). The covariance matrix over the 131 velocity profiles of the different joints, averaged across the initial block trials of all subjects, showed 132 that most of the variance in the movement is in the right arm, and specifically in the right shoulder 133 ( Figure 2B ). This is a signature for the naivety of the subjects, as pool billiards guide books 134
emphasize that the shooting movement should be from the elbow down while the shoulder should 135 be kept still. The covariance of the velocity profiles averaged across the initial block of the learning 136 plateau (trials 201-225) showed similar structure with an overall decrease relative to the initial trials 137 but an increase in the variance of right elbow rotation ( Figure 2C) . that carry most of the movement variance) showed only minor changes following learning. For 141 example, the flexion/extension of the right elbow showed a decrease in velocity from the initial 142 trials to the trials of the learning plateau ( Figure 2A) . 143
The generalized variance (GV; the determinant of the covariance matrix (Wilks, 1932) ) 144 over the velocity profiles of all joints increased fast over the first ~30 trials and later decreased 145 slowly ( Figure 3A) , suggesting active control of the exploration-exploitation trade-off. The 146 covariance over the initial block, the block over the peak GV, and first block after learning plateau 147
( Figure 3B ), shows that the changes in the GV were driven by an increase in the variance of all 148 DoFs of the right shoulder, and the negative covariance between the abduction/adduction and 149 internal/external rotation of the right shoulder to the flexion/extension of the right shoulder and 150 wrist. The internal/external rotation of the right elbow showed a continuous increase in its variance, 151 which did not follow the trend of the GV. Principal component analysis (PCA) across joints for the 152 velocity profiles per trial for each subject, showed that while in all trials ~90% of the variance can 153 be explained by the first PC, there is a slow but consistent rise in the number of PCs that explain 154 more than 1% of the variance in the joint velocity profiles ( Figure 3C ). The manipulative 155 complexity, suggested by Belić and Faisal (2015) as way to quantify complexity for a given number 156 of PCs on a fixed scale (C = 1 implies that all PCs contribute equally, and C = 0 if one PC explains 157 all data variability), showed cleaner trajectory with the same trend ( Figure 3D ). This suggests that 158 over trials subjects use more degrees of freedom in their movement. 159 Figure 1H & 5B) there was some tendency (though non-significant) for subjects who 204
were initially more variable to be also more variable after learning ( Figure 5B ). The intertrial 205 variability of the joint velocity profiles, which also decreased over learning ( Figure 4B 
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rotation, the two joint angles that do most of the movement and carry most of its variance (Figure  210 2). 211
Learning was defined as the difference between the initial error (over the first block: trials 212 1-25) and the final error (over the learning plateau: trials 201-300) normalized by the initial error. 213
There was no significant correlation between the learning and the final error (as subjects who started 214 worse could have learn more but still not perform better after learning), but there was a trend that 215 more learning leads to smaller final errors ( Figure 5C ). We tested if higher levels of initial task-216 relevant motor variability (variability in the directional error of the target ball) in this complex real-217 world task could predict faster learning across individual, as found in simple lab experiments (Wu 218 et al., 2014). We indeed found that individuals with higher intertrial variability in the directional 219 error of the target ball over the first block showed more learning (Spearman rank correlation r=0.64, 220 p<0.001; Figure 5D ). Importantly, this is the corrected intertrial variability (as in Figure 1I ) which 221 is calculated over the residuals from a regression line fitted to the ball direction to correct for the 222 learning that is happening within the block. As a control we also tested for correlation with the 223 initial variability in the target ball velocity, task-irrelevant motor variability, and found no 224 correlation (Spearman rank correlation r=0.06, p=0.77). Next, we tested the link between learning 225 and initial variability over the joint velocity profiles of the right arm ( Figure 5F ). We found that the 226 only joint angle where the intertrial variability showed significant correlation to learning was the 227 right elbow rotation (Spearman rank correlation r=0.47, p=0.0086), which is the arm supination. 228
We further tested the link over the full body kinematics ( S2 Fig) and found no other joint that 229 showed this correlation. Thus, while learning leads to overall reduction in movement variability, 230 only initial variability in specific, task-relevant, dimensions can facilitate/predict learning. 231
Discussion

232
In this paper we introduce a new paradigm for studying naturalistic motor learning during 233 whole-body movement in a complex real-world motor skill task. Our results present new insights 234 into motor learning in the real-world. While the learning curves in this in-the-wild paradigm are 235 within the same range of those reported in reductionistic motor adaptation tasks (e.g. McDougle et 236 al., 2015; Smith et al., 2006) we find that this learning is taking place not only in the task relevant 237 joints but across the entire body. Also, we found that task relevant initial variability in the ball 238 direction (movement outcome) can predict learning, like in toy tasks (Wu et al., 2014) , and so can 239 the initial variability in the right arm supination which is the task relevant joint angle variability. 240
While pushing towards real-world neuroscience, we started here with a relatively 241 constrained version of the real-world task, asking subjects to perform repeated trials of the same 242 pool shot. This was to enable analysis using well developed methods of laboratory studies in toy-243 tasks. Nonetheless, it is a major step in the direction of a naturalistic study. First, we allow fullbody unconstrained movement. Second, we do not use any artificial go cue and allow self-paced 245 movement and as many preparatory movements as the subject needs for each shoot. Third, subjects 246 receive natural somatosensory feedback. And last, we do not perturb the feedback to induce 247
learning. 248
Fundamentals of real-world motor learning 249
Across all subjects, we found that motor learning is a holistic process -the body is affected 250 as a whole from learning the task. This was evident in the decrease in the VPE and the intertrial 251 variability over learning (Figure 4 capture in a ball throwing task (Maselli et al., 2017) . And yet, unlike baseball pitches, basketball 256 throws, or any unconstrained overarm throw, where the whole body is moving, in a pool shot the 257 shooting arm is doing most of the movement and there is very little body movement. Thus, the 258 whole-body learning is not trivial and suggestive that even in arm movement toy-tasks there is a 259 whole-body learning aspect which is overlooked. 260
We also found a proximal-to-distal gradient in the learning rates over the right arm joints 261 ( Figure 4A ). This is especially interesting in light of the well-known phenomenon of proximal-to-262 distal sequence in limb movements in sports science (Herring and Chapman, 1992) and in 263 rehabilitation (Twitchell, 1951) . While there are records of proximal-to-distal sequence at multiple 264 time scales (Serrien and Baeyens, 2017) , our results are the first to suggest that this gradient also 265 occur over repetitions as part of the learning process. 266
Variability & learning 267
Intertrial variability is a fundamental characteristic of human movements and its underling 268 neural activity (for review see Faisal et al., 2008) . It was recently reported that individuals exhibit 269 distinct magnitudes of movement variability, which are consistent across movements and effectors, 270
suggesting an individual traits in movement variability (Haar et al., 2017). Our results show that 271 subjects who were initially more variable tended to be also more variable after learning in many 272 . This is in-line with a recent modeling work in a visuomotor adaptation study (with task-284 relevant feedback) in which subjects with higher planning noise showed faster learning, but the 285 overall movement variability was dominated by execution noise that was negatively correlated with 286 learning (van der Vliet et al., 2018). In our task there were no manipulations or perturbations, thus, 287 task-relevant feedback was fully available to the participants. On the other hand, in real-world there 288 is no baseline variability, and the variability was measured during early learning and therefore is 289 probably dominated by planning noise, as subjects explore, regardless of the visual feedback. 290
Indeed, subjects with higher variability in the target ball direction over the first block showed higher 291 learning rates ( Figure 5D ). Our results straighten the link between variability and learning and are 292 the first to show that it applies to real-world tasks. Moreover, the only joint angle that showed 293 significant correlation between initial variability and learning was the right elbow rotation ( Figure  294 5F & S2 Fig) . Following the idea that task-relevant variability predicts learning, it would suggest 295 that the right elbow rotation is the task-relevant joint angle to adjust during initial learning of a 296 simple pool shoot. Indeed, guide books for pool and billiards emphasize that while shooting one 297 should keep one's body still and move only the back (right) arm from the elbow down. While the 298 elbow flexion movement gives the power to the shoot, the arm supination (also known as 'screwing' 299 in billiards and measured by the elbow rotation in our IMUs setup) maintains the direction of the 300 cue. 301
Conclusions 302
In this study we demonstrate the feasibility and importance of studying human 303 neuroscience in-the-wild, and specifically in naturalistic real-world skill tasks. While finding 304 similarities in learning structure between our real-world paradigm and lab-based motor learning 305 studies, we highlight crucial differences, namely, real-world motor learning is a holistic full-body 306 process. Looking at the motor behavior over learning across the entire body enabled us to explore 307 the relationship between variability and learning and define task relevant variability that can 308 facilitate learning. 309
Experimental Setup and Design. 30 right-handed healthy human volunteers with normal or 314 corrected-to-normal visual acuity (12 women and 18 men, aged 24±3) participated in the study. 315
The volunteers, who had little to no previous experience with playing billiards, performed 300 316 repeated trials where the cue ball (white) and the target ball (red) were placed in the same locations 317 and the subject was asked to shoot the target ball towards the pocket of the far-left corner (Figure  318 1A). The trials were split into 6 sets of 50 trials with a short break in-between. For the data analysis 319 we further split each set into two blocks of 25 trials each, resulting in 12 blocks. During the entire 320 learning process, we recorded the subjects' full body movements with a motion tracking 'suit' of 321 17 wireless inertial measurement units (IMUs; Figure 1B ). Brain activity was recorded with 322 wireless EEG, neural findings reported elsewhere (Haar and Faisal, 2020). The balls on the pool 323 table were tracked with a high-speed camera (Dalsa Genie Nano) to assess the subjects' success in 324 the game and to analyze the changes throughout learning, not only in the body movement and brain 325 activity but also in its outcome -the ball movement ( Figure 1C) . profiles of all joints in all trials. We defined the peak of the trial as the peak of the average absolute 337 velocity across the DoFs of the right shoulder and the right elbow. We aligned all trials around the 338 peak of the trial and cropped a window of 1 sec around the peak for the analysis of joint angles and 339 velocity profiles. 
